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W E. &% F M (Heart rate variability, HRV)#& 2 B TR A T Z 2 4B &R CEFF 5 £,

1 489 HRV o #7 & T4 & B (Electrocardiogram, ECG) 3t 4 # B (Photoplethysmography, PPG) fr it
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Abnormal Heart Rate Classification Based on Ballistocardiogram and BP Neural
Network

ZHANG Jiahong!?, MENG Hui', XIE Lijun', MAO Xiaoli', ZHOU Bingyu!

(1. School of Electronics and Information Engineering, Nanjing University of Information Science &.Technology, Nanjing 210044,
China; 2. Jiangsu Collaborative Innovation Center on Atmospheric Environment and Equipment Technology, Nanjing University of

Information Science &. Technology, Nanjing 210044, China)

Abstract: Heart rate variability (HRV) is widely used in clinical autonomic nervous system assessment
and classification of abnormal heart rate. Traditional HRV analysis is based on electrocardiogram (ECG),
photoplethysmography (PPG) and remote PPG (RPPG). However, these methods have the following
disadvantages: (1) The detection of ECG requires the application of irritating coupling agent on the skin
and additional electrodes, which is not suitable for long-term monitoring, and the ECG equipment is
expensive; (2) there is ambient optical noise in the PPG and RPPG measurement, and individual
difference due to skin color is obvious; (3) the detections of ECG and PPG belong to contact type, which
can easily bring discomfort to patients. Based on the shortcomings of the above methods, a HRV analysis

method based on ballistocardiogram (BCG) is proposed. It reduces the cost of traditional equipment for

BT HRKARPFI 4 (41605120) % B30 B 5 VLI i A2 R 481 T 2% TR (PAPD) % Bh 0 B 5 V195 #2545 il i 2ol 152
TR (PR B TR ) B B0 H 5 VLIRS 22 A R 2 A S R VI 2313 (201910300076 B¢ B0 H o
I 5 B #3: 2020-08-14; 81T H#1:2020-10-12
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HRYV analysis, and uses non-contact detection to alleviate the discomfort of patients. The unique detection
principle avoids the problem of individual differences, which plays a vital role in long-term cardiovascular
disease prediction. In the experiment, the model of back propagation (BP) neural network is used to
predict and classify abnormal heart rate with an accuracy rate of 80%, showing the advancement and
reliability of the proposed method.

Key words: heart rate variability (HRV); ballistocardiogram (BCG); classification of abnormal heart rate;
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Table 2 Related evaluation index results of BP and RF classification models

ey VI ¥ Sensitivity/ % Specificity/ % Precision/ % Accuracy/ %
N 100 98.85 97.3 99.19
A 88.89 96.88 88.89 95.12
RF \ 78.57 98.15 84.62 95.93
R 87.1 97.83 93.1 95.12
F 86.67 96.3 76.47 95.12
N 97.37 100 100 99.19
A 96.15 97.94 92.59 97.56
BP \% 92.31 99.09 92.31 98.37
R 93.33 98.92 96.55 97.56
F 93.75 98.13 88.24 97.56
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